In many clinical disciplines, especially in subjective sensitivity research, data are collected on the ratio scale. This is also true for vibration perception thresholds (VPTs). Hence, such data may be of heteroscedastic nature, where the amount of measurement error increases as the values increase. Heteroscedastic data is a great scientific concern, since many standard inferential statistical tests assume homoscedasticity and may, therefore, lead to incorrect interpretations. Unfortunately, only few studies even address heteroscedasticity, and even if they do, in many cases this is achieved inappropriately. Therefore, in this paper, we first show a simple approach for how to detect heteroscedasticity in VPTs measured at the plantar aspect of the hallux. Second, we show how to correct for heteroscedasticity by means of logarithmizing the raw data. Finally, we also demonstrate the importance of how data benefits from this transformation. Hence, if data takes benefit from the transformation, we recommend using logarithmized data to conduct further statistical approaches. We also interpret the results presented here. Furthermore, we briefly mention alternatives in case the transformation is not successful in eliminating heteroscedasticity.
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The research activities of the present group are related to the interaction of the human sensory and motor system. In particular, basic research related to plantar mechanoreceptors is one research focus (for example, determining sensory thresholds, influencing factors of cutaneous sensitivity). Furthermore, the contribution of plantar mechanoreceptors towards balance is another research emphasis. In this context, various experiments based on quasi-static and dynamic balance tasks are performed. Additionally, clinical studies with various patient groups (e.g. MCI, Parkinson) are implemented with focus on sensory and motor behavior.
PUBLIC INTEREST STATEMENT
Assessing skin sensitivity (e.g. how sensitive are you in terms of touch or vibration) is widely used, and very important in many clinical facilities. For example, in diseases like Diabetes mellitus or neuropathy, skin sensitivity is impaired. However, skin sensitivity also naturally decreases as we age. This pronounces the importance to accurately assess skin sensitivity in order to avoid false interpretations of test results. Among many other kinds of measurements, test results of skin sensitivity (such as vibration perception thresholds, VPTs), commonly exhibit a certain data pattern called "heteroscedasticity". This means that the larger the VPTs (the more insensitive the person), the larger the variability, in other words, the error (and vice versa). When heteroscedasticity is not treated appropriately, the above-mentioned false interpretations of skin sensitivity may occur, which is problematic for clinicians, and patients. Since heteroscedasticity is still not considered appropriately in many cases, this paper clearly addresses how to deal with this problem.
Introduction
Skin is the largest organ in the human body and enables various external stimuli, such as touch or vibration, to be detected. This is achieved by mechanoreceptors located in the skin. For example, plantar mechanoreceptors are known to contribute to human balance regulation (Horak, Nashner, & Diener, 1990; Kavounoudias, Roll, & Roll, 1998; Peterka, 2018) . Plantar sensitivity, however, depends on various factors like age (Gescheider, Bolanowski, Hall, Hoffman, & Verrillo, 1994) or skin temperature (Germano, Schmidt, & Milani, 2016; Schmidt, Germano, & Milani, 2017) . Furthermore, the ability of balance regulation is impaired in various groups, such as patients with peripheral neuropathy, in which plantar sensitivity deteriorates (Inglis, Horak, Shupert, & Jones-Rycewicz, 1994) . This highlights the clinical importance of skin sensitivity in order to detect certain diseases. Of course, the interpretation of the outcomes of skin sensitivity measurements must be correct in order to meet clinical requirements. Skin sensitivity may be assessed invasively inserting microelectrodes into afferent nerve fibers (microneurography). Other, more common approaches are known as subjective methods, such as determining vibration sensitivity (vibration perception thresholds, VPTs).
For vibration sensitivity, as well as in many other research disciplines, data are collected on the ratio scale. Such data may not only be expressed as whole numbers, but also as any number of decimal points (Safrit, 1989) . In ratio scaled data, the amount of measurement error (or measurement difference, e.g. in a test-retest scenario) increases as the measured values increase (Atkinson & Nevill, 1998) : The measurement error depends on the size of the measured parameter (Nevill & Atkinson, 1997) . Such data will accumulate close to zero (without negativity). On the other hand, this kind of data is theoretically unbounded towards the positive direction, likely resulting in heteroscedastic patterns (Nevill & Atkinson, 1997) . In contrast to homoscedastic data (especially when following normal distribution), heteroscedastic data should not be analyzed using most conventional statistical methods (Atkinson & Nevill, 1998) , as the power and ability to control type I error probability might then be negatively affected (Wilcox, Peterson, & McNitt-gray, 2018) . Conducting statistical tests on raw data may lead to substantial misinterpretations and errorprone conclusions.
Although VPT data are subjective and measured on the ratio scale, most VPTs are a) either still analyzed as homoscedastic data (e.g. Alfuth & Rosenbaum, 2011; Flondell et al., 2017; Jansson, Hakansson, Reinfeldt, Fröhlich, & Rahne, 2017; Meyer, Oddsson, & De Luca, 2004 , to name a few), or b) sometimes transformed, however, without giving information regarding a validation of its benefit, or with incorrect justifications for performing a transformation. The aim of the present study, therefore, is first to examine whether VPTs exhibit heteroscedasticity in an appropriate and easy-to-understand way. We hypothesized the presence of heteroscedasticity in our vibration data. Second, in the case of heteroscedasticity, we also provide an example of how to correct for this in a simple way, and we demonstrate the necessity to check whether or not the correction was appropriate. Since the main clientele working with ratio-scaled data may not have a strong background in statistics, we deliberately focus on a simple and easy-to-conduct approach. However, we will briefly touch on current recommendations for alternatives in case the elimination of heteroscedasticity is not satisfactory with the simple approach we refer to in this study.
Methods

Subjects
Twenty-eight healthy and injury-free subjects of both genders (16 males, 12 females) participated in this study (mean±SD: 23.2 ± 2.6 yrs, 173.5 ± 8.0 cm, 66.9 ± 9.8 kg). Subjects had no signs of lower extremity pain during this study and were free of injuries for at least 6 months prior to testing. All participants were also free of neurological diseases (e.g. diabetic neuropathy or Parkinson´s disease). Prior to testing, all subjects were informed about the aim and procedures of this study and gave their written informed consent. Participants were free to withdraw from the experiments at any time. This study was conducted according to the recommendations of the Declaration of Helsinki and was approved by the Ethics Committee of the faculty of the corresponding university.
Instrumentation
Cutaneous vibration perception thresholds (VPTs, in µm) were determined using a Tira Vib vibration exciter (model TV51075, Schalkau, Germany), powered by a Voltcraft oscillator (model FG 506, Hirschau, Germany). Before the measurements, the vertical movement of the contactor of the vibration exciter was laser calibrated in order to enable direct readings of the vibrating amplitude. The probe diameter was 7.8 mm, and its tip was placed 2 mm above the surrounding surface (Nurse & Nigg, 1999) . The frequency of the vibrating contactor was 200 Hz, which is known to be the optimal stimulus to elicit Vater-Pacini-corpuscles (Gescheider et al., 1994; Verillo, 1985) . Since skin temperature influences skin sensitivity (Germano et al., 2016; Schlee, Sterzing, & Milani, 2009; Schmidt et al., 2017) , the surface of the vibration exciter could be heated to keep plantar temperatures constant. The vertical force applied from the subject's foot towards the contactor was monitored via a force transducer and was kept within a range of ±0.5 N. Plantar temperatures (hallux) and room temperature were measured using a digital type-K-thermocouple (PeakTech 5135, Ahrensburg, Germany).
Testing procedure
Prior to testing, subjects went through an acclimatization period of 10 min to adjust to the room temperature (23 ± 2°C, according to EN ISO/IEC 17,025). During the sensitivity tests, subjects closed their eyes and wore noise cancelling earphones (Quiet comfort 20i, Bose, Framingham, USA) in order to avoid distracting noise from the environment. All participants sat with ankle, knee, and hip-angles of approx. 90°, and rested their arms on top of their thighs, close to the abdomen. Subjects were instructed to sit as described above, but also to be comfortable to enable them to concentrate on detecting vibration stimuli but not on maintaining a certain posture. VPTs were measured similarly to a Method of Limits approach introduced by Mildren, Strzalkowski, and Bent (2016) . First, three VPT-trials were collected at the Hallux (barefoot) of the dominant foot (test). After this, subjects waited for 45 min while sitting with their feet on top of the heatable aluminum platform. Finally, VPTs were measured in the same manner (retest). Plantar temperatures only slightly decreased from 26.5 ± 2.8°C (test) to 25.5 ± 2.1°C (retest).
Data analysis and statistics
In terms of VPTs, the mean±SD of the three trials was calculated. All further analyses were performed using R (The R Foundation for Statistical Computing, Vienna, Austria). To check for potential outliers, we used an adjusted boxplot rule as recommended by Wilcox (2013) . As suggested (Nevill & Atkinson, 1997) , heteroscedasticity was identified by plotting VPT differences (test-retest, raw data) against their mean. The Spearman-correlation (raw data) was also calculated between the absolute differences of the VPTs and their mean. Data was then treated by taking the natural logarithm of the raw data (Nevill & Atkinson, 1997; Wilcox et al., 2018) . Bland-Altman plots were created, whereas the limits of agreement were calculated by multiplying 1.96 times the standard deviation of the mean difference.
Results and discussion
No outliers were detected by the adjusted boxplot rule. This is important when using means, as in our study, since outliers may considerably lower the power of e.g. difference tests (Wilcox et al., 2018) . Raw VPTs (mean±SD) of the test and retest are presented in Table 1 . A first quite simple sign towards heteroscedasticity was evident when plotting VPT differences (test-retest) against their mean (Figure 1 ). Smaller mean VPTs were associated with smaller error (differences), whereas greater mean VPTs were associated with greater error. Data points seem to be "funnel-shaped", indicating that the measurement error increases as the measured values increase. Another indicator of heteroscedasticity was that differences (not necessarily individual data from the test and retest, respectively) were not normally distributed (Shapiro-Wilk test: p = 0.002). As the ultimate criterion, the Spearman-correlation between the absolute differences and their mean (Nevill & Atkinson, 1997) was significant (p = 0.004), with a correlation coefficient of r = 0.530, indicating a moderate correlation (Mukaka, 2012) . We used a Spearman correlation, since it does not require normally distributed data (Mukaka, 2012) . This means that the error correlates with the magnitude of the VPT values, constituting heteroscedasticity. The correlation is not required to be significant or to present a high correlation coefficient. A small sample size may account for the lack of significance, but may still correspond to heteroscedastic data when the correlation is found to be positive (Nevill & Atkinson, 1997) , even if of lower magnitude. It is then generally recommended to take the natural logarithm (hereafter referred to as log) of the raw data (Nevill & Atkinson, 1997) .
To provide a first example regarding the benefit of transforming heteroscedastic data, we created a Bland-Altman plot (Figure 1) are an important tool to quantify absolute reliability (Bruton, Conway, & Holgate, 2000) . In accordance with Bland and Altman (Bland & Altman, 1986) , and as can be observed in Figure 1 , the limits of agreement were unacceptably far apart for small values, and unacceptably narrow for large values: For example, subject 28 obtained a VPT of 0.44 µm at the test (Table 1) , hence data from this subject could range between 1.6 and −1.2 µm (0.44 + 1.131 µm and 0.44-1.593 µm, respectively). This is not possible due to the ratio scale, which does not allow negative values. In conclusion, the absolute and fix limits of agreement in Figure 1 do not consider ratio properties of data. Therefore, an appropriate interpretation of Bland-Altman plots based on heteroscedastic and untransformed data is not possible and may lead to overestimation of apparently poor reliability.
Therefore, we calculated the natural logarithm (log transformation) of raw data from Table 1 . When we then plot VPT differences (test-retest) against their mean, data no longer appear "funnel-shaped" (Figure 2 ). Instead, differences between tests and retests are then normally distributed (Shapiro-Wilk test: p = 0.724). Furthermore, the Spearman correlation coefficient decreased to close to zero (r = −0.020), indicating a negligible correlation (Mukaka, 2012) . Additionally, the correlation turned out to be non-significant (p = 0.919). Hence, the error does not correlate with the magnitude of the values, and data is now of homoscedastic nature (Atkinson & Nevill, 1998) . Please note that if the correlation coefficient is numerically reduced by the log transformation, irrespective of the sign, it is usually recommended to transform data logarithmically (Nevill & Atkinson, 1997) . This was the case for our data. In other data sets (not related to this paper), we found that a log transformation did not always eliminate heteroscedasticity, as evident by an increasing (absolute) value of the Spearman correlation coefficient. In such cases, other approaches may be adequate (see last paragraph of discussion). Note, however, that most articles using log transformed data do not demonstrate whether or not the transformation induced any benefit toward eliminating heteroscedasticity. This is a clear limitation, and merely (log) transforming data prior to conducting statistical tests should not be regarded as a rigid or proper template. On the other hand, there are recent studies which define a certain r 2 -value as the "threshold" between homoscedastic vs. heteroscedastic data (Pérez-Castilla, Feriche, Jaric, Padial, & García-Ramos, 2017; Plautard et al., 2017) . However, not considering other parameters to identify heteroscedasticity may lead to restrictions when interpreting data. Based on the log data (Figure 2) , we again created a Bland-Altman plot. To be able to calculate on a ratio scale, we followed the recommendation as described in Nevill and Atkinson (1997) Going back to our example, subject 28 (0.44 µm at test) could vary between 0.44 × 1.872 µm and 0.44 × 0.401 µm, which is between 0.82 and 0.18 µm (in 95 %). The limits of agreement are now more accurate, since they constitute a percentage change and account for the ratio properties. Therefore, a correct interpretation is now possible.
As mentioned earlier, many other standard inferential statistics assume homoscedasticity (Wilcox et al., 2018) , something researchers may not always be aware of. These also include common statistical tests to detect differences (bias), such as t-tests (Atkinson & Nevill, 1998; Markowski & Markowski, 1990; Zimmerman, 2004) . When considering different statistical procedures, the general class of analysis of variance (ANOVA), for example, assumes equality of variances within the groups (Zimmerman, 2004) . In other words, it assumes that data is homoscedastic (Keselman et al., 1998; Kirchman, Sigda, Kapuscinski, & Mitchell, 1982) . Nonparametric tests, like the Mann-Whitney-U test, account for violations of normal distribution, but not if the assumption of homoscedasticity is violated (Zimmerman & Zumbo, 1993) . This is in line with other investigations (Keselman, Rogan, & Feir-Walsh, 1977; Pratt, 1964; Tomarken & Serlin, 1986) . When executed on both raw and log-transformed data, the same tests for bias result in different p-values, which makes appropriate interpretations more difficult. Furthermore, conducting statistical tests (which assume homoscedasticity) on heteroscedastic data, may indeed alter type I error rates (Zimmerman, 2004) . In our data set (Table 1) , p-values of the Wilcoxon test were slightly different from each other: 0.046 for log, and 0.045 for raw data (test vs. retest). In addition, conventional correlation analyses (e.g. Pearson correlation, intra-class-correlation (ICC)) are judged to be inappropriate when conducted on heteroscedastic data (Nevill, 1997) . Chinn (1991) states that when data are analyzed on a log scale, all calculations should be performed on the log values. For our data set, the ICC coefficient was 0.821 based on raw, and 0.914 based on log data (both p˂0.001, model 3,k) . Heteroscedasticity also affects measures of variability and absolute reliability: The coefficient of variation (CV) assumes the presence of heteroscedasticity, whereas the standard error of measurement (SEM) assumes the absence of heteroscedasticity (Atkinson & Nevill, 1998) . This highlights the importance of carefully analyzing data to be able to conduct adequate statistical tests and to interpret these tests appropriately.
Note again that it is important to check data for outliers. Since we detected no outliers in our data set, we did not include robust statistical methods. Many statistical measures or procedures are not robust against outliers (Wilcox, 2013) . This includes the use of means and standard deviations, as well as conventional correlation analyses, such as Pearson or Spearman correlations. In such cases, it is recommended to use trimmed means and the standard error of trimmed means (Wilcox, 2013) . An alternative to Spearman´s correlation, which may be distorted by properly placed outliers, are type O correlations. One type of these are e.g. skipped correlations, which downweight or eliminate values of low depth within the data cloud (Wilcox, 2013) . Conducting a skipped correlation (center estimator: MCD) on our data resulted in the same interpretation and conclusion regarding the benefit of the logarithmic transformation.
As already mentioned, the present study shows one simple-to-conduct possibility to treat heteroscedasticity. This treatment is easy to understand, which is a clear advantage for the wide range of potential "users". These may include clinicians, (general) practitioners, or physiotherapists who need to compare means of different groups, for example. Such a versatile clientele might exhibit restricted knowledge in terms of more sophisticated statistical analyses, or, access to appropriate software may simply be difficult. Therefore, we focused on a simple log transformation to treat heteroscedasticity.
In this regard, however, we must also mention that this simple approach may exhibit limitations. A logarithmic transformation does not always yield homoscedastic data. This might be true particularly when correlation coefficients decrease only slightly after logarithmic transformation. Additionally, recent studies showed that sometimes there is no normal distribution (of differences) after logarithmization, or that there are still outliers/a skewed distribution (Rasmussen, 2013; Wilcox et al., 2018) . In these cases, when comparing group means, one recommendation is to test the assumption of equal variances by using e.g. the F-test. If there is no significance, one is usually guided to use Student´s t-test. However, this approach is not advisable, since in some instances the F-test fails to detect violations of the assumption of equal variances, or may falsely recommend of using the t-test (especially when sample sizes are not equal) (Hayes & Cai, 2007; Markowski & Markowski, 1990; Wilcox et al., 2018; Zimmerman, 2004) . Instead, a rank-based test as introduced by Conover (1980) constitutes a more robust method. When comparing group variances, Levene´s test is also commonly implemented. However, in a more recent study this test was found not to be very robust (Hayes & Cai, 2007) . Alternatively, the Brown-Forsythe test and the O´Brien test were found to constitute fairly robust tests (e.g. (Howell, 1996) ), although they also have their weaknesses (Hayes & Cai, 2007) . In an extensive simulation study performed by Hayes and Cai (2007) , they found that so-called unconditional tests performed as good as or even superior to the conditional tests mentioned above (Brown-Forsythe test, O´Brien test, etc.). In particular, bootstrapping the sampling distribution of the separate variance t statistic (UBS), as an unconditional test, resulted in an overall superior performance in most of the simulated conditions (Hayes & Cai, 2007) . The superior performance of unconditional separate-variance tests is particularly pronounced when the sample sizes are not equal (Zimmerman, 2004) . Hence, these methods are recommended when treating heteroscedasticity and when detecting differences between groups. As already mentioned, however, such approaches and recommendations require more in-depth statistical knowledge. Additionally, the fact that most statistical textbooks still recommend preliminary conditional tests to investigate the equality of variances contributes to this "dilemma".
Conclusion
In this paper, we demonstrated that vibration perception thresholds (VPTs) measured at the plantar aspect of the hallux exhibit heteroscedasticity. Heteroscedastic data is a great scientific concern, since many standard inferential statistical procedures and measures assume homoscedasticity and may, therefore, lead to incorrect interpretations and conclusions. Such measures include, for example, parametrical and non-parametrical tests to detect differences, correlation analyses, or Bland-Altman plots. Based on an existing data set, we corrected for heteroscedasticity by calculating the natural logarithm (log transformation) of raw data. We further provided examples of how our data set benefitted from this correction. In general, we recommend: First, to examine any type of data for heteroscedasticity, especially when measured on the ratio scale. Second, to use log data and to check if data took benefit of the log transformation. Finally, to use log transformed data for conducting further statistical approaches if data benefitted from the transformation. In case the log transformation does not yield homoscedastic data, other more sophisticated approaches based on unconditional tests are recommended.
